DEL EDITOR. FREIGHT DEMAND ESTIMATION FROM SECONDARY SOURCES. CASE STUDY: MANHATTAN by JOSÉ HOLGUÍN-VERAS et al.
 
 
 
 
 
 
 
 
 
 
 
 
Available in: http://www.redalyc.org/articulo.oa?id=49629318025
 
 
Red de Revistas Científicas de América Latina, el Caribe, España y Portugal
Sistema de Información Científica
HOLGUÍN-VERAS, JOSÉ; SÁNCHEZ-DÍAZ, IVAN; GONZÁLEZ-CALDERÓN, CARLOS A.
DEL EDITOR. FREIGHT DEMAND ESTIMATION FROM SECONDARY SOURCES. CASE STUDY:
MANHATTAN
Dyna, vol. 80, núm. 182, diciembre, 2013, pp. 200-209
Universidad Nacional de Colombia
Medellín, Colombia
   How to cite       Complete issue       More information about this article       Journal's homepage
Dyna,
ISSN (Printed Version): 0012-7353
dyna@unalmed.edu.co
Universidad Nacional de Colombia
Colombia
www.redalyc.org
Non-Profit Academic Project, developed under the Open Acces InitiativeDyna, year 80, Nro. 182, pp. 200-209.  Medellin, December, 2013.  ISSN 0012-7353
DEL EDITOR
FREIGHT DEMAND ESTIMATION FROM SECONDARY SOURCES. 
CASE STUDY: MANHATTAN
ESTIMACIÓN DE DEMANDA DE TRANSPORTE DE CARGA A PARTIR 
DE FUENTES SECUNDARIAS. CASO DE ESTUDIO: MANHATTAN
JOSÉ HOLGUÍN-VERAS
Ph.D., P.E. William H. Hart Professor. Rensselaer Polytechnic Institute, USA, jhv@rpi.edu
IVAN SÁNCHEZ-DÍAZ
M.S. Graduate Research Assistant. Rensselaer Polytechnic Institute, USA, sanchi2@rpi.edu
CARLOS A. GONZÁLEZ-CALDERÓN
M.Sc. 200-Year Professor University of Antioquia, Colombia, gonzalez@udea.edu.co
Received for review February 27 th, 2012, accepted February 5th, 2013, ﬁ  nal version March, 8 th, 2013
ABSTRACT: The proposed freight Origin-Destination Synthesis formulation uses a gravity model to estimate trip ﬂ  ows in Manhattan based 
on trafﬁ  c counts. The resulting total truck trips are assigned to the network to obtain a set of estimated truck trafﬁ  c volumes, which are 
compared to the observed truck trafﬁ  c. At this stage, the parameters of the model are then recomputed to improve the agreement between 
estimated and observed truck trafﬁ  c. The process ends once no further improvement is possible.
KEYWORDS: Freight Transportation, Travel Demand Modeling, Origin-Destination Synthesis.
RESUMEN: La formulación propuesta para sintetizar matrices Origen-Destino de carga se basa en un modelo gravitatorio que permite estimar 
los ﬂ  ujos de viajes de carga en Manhattan basado en conteos vehiculares. Estos ﬂ  ujos de viajes se asignan a la red para obtener una serie 
de volúmenes de tráﬁ  co de camiones en determinados arcos viales. Estos volúmenes estimados se comparan con el número de camiones 
observados, para luego calcular iterativamente los parámetros del modelo que permitan disminuir las diferencias entre volúmenes estimados y 
volúmenes calculados. El proceso termina cuando no se puede lograr mejores resultados por medio de ajustes en los parámetros del modelo.
PALABRAS CLAVE: Transporte de Carga, Modelación de la Demanda de Viajes, Síntesis de Matrices Origen-Destino.
1.  INTRODUCTION
The estimation of future freight transportation requires 
the use of network and freight demand models. When 
characterizing freight demand, basic data are sought to 
appropriately model the decision processes associated 
with freight generation, distribution and consumption. In 
this context, freight origin-destination (OD) matrices are 
one of the most important data elements a planner could 
have, which is why a signiﬁ  cant amount of time, effort 
and money is spent on their estimation. The estimation 
of OD matrices can be done by: (a) direct sampling 
methods; and, (b) using secondary data sources such as 
trafﬁ  c counts. The latter techniques are referred to here 
as origin-destination synthesis (ODS). Direct sample 
estimation includes all methodologies in which the OD 
data are obtained by interviewing the participants in the 
transportation activity. These approaches have some well-
known limitations: roadside interviews tend to double 
count trips; on-board interviews may lead to bias in the 
parameters of random utility models; mail interviews are 
often biased because the rate of response varies across the 
population; and home interviews, though able to provide 
statistically sound estimates of OD, require a great deal 
of planning, time, effort and money [2]. 
ODS overcomes these limitations by bypassing the need 
for surveys. This type of demand-modeling may therefore 
play a signiﬁ  cant role in reducing the need for the direct 
collection of freight data, which entails the use of signiﬁ  cant 
economic resources. In ODS, the trafﬁ  c counts—which 
are a function of the OD ﬂ  ows—are used to estimate 
the OD matrices. Since the number of unknowns (OD 
pairs) exceeds the number of independent trafﬁ  c counts, 
the estimation problem is under-speciﬁ  ed. Therefore, 
this requires the use of analytical techniques to estimate 
the most likely OD matrix that ﬁ  ts the observed trafﬁ  c 
counts. The research on ODS has concluded that, though Dyna 182, 2013 201
not a replacement for actual data, it could produce fairly 
realistic estimates of freight OD matrices. This, in turn, 
could play a signiﬁ  cant role boosting the dissemination of 
freight demand models as data collection cost is the main 
constraint for the implementation of such models. 
2.  ORIGIN-DESTINATION SYNTHESIS
Two approaches have been used to conduct ODS: Structured 
and Unstructured approaches. The former approach 
imposes a model structure on the estimation, reducing it to 
a parameter estimation problem. The latter approach uses 
general principles, e.g., maximum likelihood, to reduce the 
feasible space so that the problem has a unique solution [2].
In general terms, ODS models can be classiﬁ  ed on 
the basis of the time-dimension of the estimation 
process and the characteristics of the underlying trafﬁ  c 
assignment model. The former could be subdivided 
into: a) static estimation –in which the OD matrix is 
time-invariant; and b) dynamic estimation–in which the 
resulting OD matrices are time-varying. The techniques 
can be further classiﬁ  ed, depending on the trafﬁ  c 
assignment process in: 1) not requiring route choice, 
i.e., problems in which the route choice process can be 
disregarded (e.g., when estimating turning movements 
at intersections); 2) proportional route choice methods, 
i.e., problems in which the probability of using a given 
route does not depend upon the OD ﬂ  ows – which 
implies disconnection between the route choice and the 
OD estimation problems; and 3) non-proportional route 
choice methods, i.e., problems in which route choice 
and OD estimation are interdependent, thus requiring a 
joint estimation process involving equilibrium models. 
Although there is a vast amount of literature on the subject 
of passenger ODS, the same cannot be said about freight 
ODS. The literature review revealed that freight ODS 
has received relatively little attention from researchers 
and transportation professionals. After a comprehensive 
search, only seven formulations were found [3-9]. Tamin 
and Willumsen [8] developed a formulation to obtain the 
parameters of the Gravity Opportunity model that best 
reproduce a given set of trafﬁ  c counts. Their approach, an 
example of a structured formulation, requires the observed 
link volumes and the estimates of freight generation for 
each zone as model inputs.  The formulation developed 
by Gedeon et al. [4] is aimed at obtaining optimal multi-
commodity ﬂ  ows in multimodal networks. Since this 
formulation does not model demand behavior, it will not 
be further discussed. List and Turnquist [7] developed a 
formulation to estimate the OD matrix using optimization 
principles. They formulated the problem as a large-scale 
linear programming problem in which the decision 
variables are the OD ﬂ  ows and the objective function is a 
weighted combination of the deviations of the estimated 
volumes with respect to the target values. Their formulation 
was extended to estimate U.S.-Mexico travel patterns 
using the dollar values of each commodity group and port 
of entry as the control variables [10]. Tavasszy, et al. [9] 
used partial techniques to estimate unobserved elements 
of the OD matrix, for estimation of interregional freight 
transport ﬂ  ow. Al-Battaineh and Kaysi [3] uses an input-
output methodology to estimate productions and attractions 
and a Genetic Algorithm to compute the OD matrix. This 
formulation uses the value of the goods transported. 
3.  ORIGIN-DESTINATION SYNTHESIS IN 
MANHATTAN
New York City (NYC) is one of the most economically 
vibrant cities in the world. The city is comprised of ﬁ  ve 
boroughs: The Bronx, Brooklyn, Staten Island, Queens and 
Manhattan. Manhattan, with over 1.5 million inhabitants, 
covers around 23 square miles. There are over 40,000 
freight-related business establishments with more than 
650,000 employees and over 60,000 establishments with 
1.4 million employees that are not related to freight [11]. 
Holguín-Veras and Ban [11] estimate that about 180,000 
truck trips are attracted daily by Manhattan’s freight-related 
business establishments, which shows the importance of the 
target area for this study and its potential for implementing 
an ODS model. For the study, each of the 41 geographic ZIP 
codes in Manhattan is used as an internal Transportation 
Analysis Zone (TAZ). In addition to this, four external 
zones are considered to account for the interactions between 
Manhattan and the surrounding region. The external zones 
considered are: NY East, New Jersey South West, New Jersey 
North West and Upstate NY. In terms of the network, 180 
of Manhattan’s 590 miles of roadway—the designated truck 
routes—were included as a test network.  This truck route 
system, which includes 2,615 links and 1,781 nodes, is one 
of the most complex in the USA. 
The secondary data sources consist of truck-trafﬁ  c 
counts (collected in 2009) from 97 intersections in 
Midtown Manhattan provided by the NYC Department 
of Transportation. A prior processing of the data had 
to be done because these trafﬁ  c counts did not cover 
the entire day. The trafﬁ  c volumes were available for Holguín-Veras et al 202
three time periods: am, midday and pm. The am period 
covers the vehicle ﬂ  ows from 6:00 am to 10:00 am. The 
md period covers the period from 11:00 am to 2:00 pm, 
while the pm period accounts for vehicles from 4:00 
pm to 8:00 pm. In essence, trafﬁ  c counts were available 
only for 11 hours so that an expansion factor must be 
applied to convert these ﬂ  ows into daily ones. 
The expansion factor was determined based on the daily 
counts of bridges and tunnels connecting  Manhattan to 
the external zones. The trafﬁ  c volumes on the bridges 
and tunnels were obtained from NYC Bridge Trafﬁ  c 
Volumes 2009 [12] which presents the data for the 
same year that the truck-trafﬁ  c data were collected, 
and from a dataset collected from automatic vehicle 
recorders at eight different bridge toll locations for 
different week days in 2002 and 2003 (Table 1 and 
Table 2 respectively). For matters of consistency, both 
trafﬁ  c volumes consider small and large trucks, which 
correspond to classes 5 to 13 of the Federal Highway 
Administration Vehicle Classification [13]. The 
expansion factor estimation procedure is summarized 
in Table 1 and Table 2. As shown, the link data set 
has counts for a time interval t. Therefore, growth 
factors are computed as the total volume divided by 
the total volume in t at the aforementioned tunnels and 
bridges (major ﬂ  ows entering Manhattan where data 
are available for the whole day). The overall growth 
factor to be applied to the intersections in Midtown 
Manhattan was computed as the weighted average of 
the growth factors computed before.   The results show 
that the percentage of trafﬁ  c in time t varies around 
60%, and ranges from 32% to 75% depending on the 
tunnel/bridge considered and the sample considered.
As an outcome of this analysis 1.83 was selected as 
the factor to expand the sample, meaning that each 
link ﬂ  ow in the study area should be multiplied by 
1.83 to obtain daily volumes. In essence, this indicates 
that the volumes provided for Midtown Manhattan 
represent 56% of the daily trafﬁ  c. The factor found 
was subsequently applied to the trafﬁ  c counts for 
the 97 intersections in the city. The expanded trafﬁ  c 
volumes were then assigned onto 154 links in Midtown 
Manhattan. As all the counts were not on the truck 
routes, an expanded network that includes all the trafﬁ  c 
counts available was used.
  Figure 1 shows the links where trafﬁ  c counts were 
available (circled) on the new trafﬁ  c network. As 
shown, all the trafﬁ  c counts available correspond to 
Midtown Manhattan. This lack of dispersion of the 
trafﬁ  c counts represents the main limitation of this 
application in NYC. In ODS, trafﬁ  c counts are used to 
estimate trip distribution. However, a previous step is 
necessary to compute trip generation data for each TAZ. 
3.1.  Manhattan Trip Generation
The ODS approach proposed in this research requires 
the number of freight trips produced and attracted by 
each TAZ as inputs. As Freight Trip Generation (FTG) 
primary data for Manhattan is not available, trip rates 
and regression models developed by the authors were 
applied to estimate FTG [14]. In previous research, 
Freight Generation (FG) and FTG patterns of ﬁ  rms 
were found to be related to the industry sector to 
which they belong and the number of employees [15]. 
In fact, the Standard Industrial Classiﬁ  cation (SIC) 
code assigned to an establishment is a strong predictor 
for FG and FTG because it classiﬁ  es establishments 
in a way that is closely related to the economic and 
logistic process of ﬁ  rms [16].
Table 1. Flow Expansion Factor for Midtown Manhattan
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T able  2.  Flow Expansion Factor using data from Bridge Tolls
      
Fig  ure  1.  Manhattan Road Network and Trafﬁ  c-Counts 
Location
The models used to estimate FTG in Manhattan were 
calibrated using data collected in 2005; the sample 
is comprised of 339 carriers and 362 receivers in 
Manhattan, Brooklyn and New Jersey. The data contain 
elements such as the number of deliveries received or 
number of trips made in a typical day, SIC category 
and number of employees. SICs were grouped into 
eleven categories according to their sector descriptions. 
Eight of the eleven categories were deﬁ  ned as freight-
related: agriculture, forestry and ﬁ  sheries; mineral 
industries; construction industries; manufacturing; 
transportation, communication and utilities; wholesale 
trade; retail trade; and food. After classifying the 
establishments by freight-related SIC, statistical models 
were estimated for the ones having more than ﬁ  ve 
observations. Depending on the industry sector, FTG 
per establishment is estimated using a constant number 
of deliveries, an employment-dependent rate, or an 
ordinary least squares regression model combining 
constant generation and an employment-dependent 
term [16]. The criterion used to choose the speciﬁ  cation 
of the model is the Root Mean Square Error (RMSE). 
Table 3 shows the FTG rates used to calculate both 
attraction and production per establishment by SIC.
        As shown in Table 3, attraction models estimate the 
number of deliveries received by the establishments, 
while production models estimate the number of trips 
produced by them. In this study, a delivery is assumed 
to generate 2 trips because the truck does not stay 
permanently in the establishment. 
As shown in Figure 2, each delivery attracts one trip 
(with cargo) and produces one trip (which can be loaded 
or empty). Similarly, each cargo pick-up generates 2 
trips (inbound and outbound trips). From the analysis it 
follows that trip origins (Os) and trip destinations (Ds) 
match exactly for each internal zone.
An alternative approach used in the past by the authors 
is to consider commodity ﬂ  ows and use a sub-model to 
account for empty trips. However, this is only possible 
when FG is available (this is not the case in Manhattan). 
The unit expressing FTG in this study is truck trips; a 
truck is deﬁ  ned as any vehicle used in the transportation 
of cargo. Although the truck deﬁ  nition is not exactly 
the same as the one used for the trafﬁ  c counts, this 
difference is not expected to have a big impact on the 
accuracy of the results because few automobiles are 
used to transport cargo.Holguín-Veras et al 204
Tab le  3. Daily Trip Generation by SIC
Figure 2. Trip Generation at the Establishment level. 
Source: [1]
As discussed in the previous section, the zoning 
system for the ODS application corresponds to the ZIP 
codes in Manhattan for the internal zones. Therefore, 
the authors applied the models presented in Table 3 
to the 2007 County Business Patterns data from the 
U.S. Census Bureau [17], and aggregated the FTG by 
SIC and per ZIP code according to the methodology 
described in Holguín-Veras et al. [16].  Table 4 shows 
the daily FTG estimates by industry segment (SIC at the 
2-digits-level),. As shown in Table 4  , wholesale sector 
represents 41% of the establishments and generates 
about 40% of the total trips in Manhattan. The food-
related sectors represent 25% of the establishments and 
generate 23% of total trips. 
For the external zones FTG, the process followed a 
different logic. As not all the trips terminating in the 
external zones are interacting with Manhattan, the 
external trips were estimated using the volumes on 
the bridges and tunnels that connect Manhattan to 
these zones. However, the authors assumed, based 
on previous studies, that only 25% of the bridge and 
tunnel trafﬁ  c is actually destined for Manhattan and 
the remaining 75% is through trafﬁ  c.  
Table 5 shows the groups of bridges and tunnels 
connecting each external zone to Manhattan as well 
as the daily truck volumes before the through trafﬁ  c 
adjustment in both directions. The resulting FTG 
estimates for the external zones are presented in the Dyna 182, 2013 205
bottom of  Table 6, while the top of the table presents 
the FTG estimates for each internal zone. According 
to the geographical aggregation process, Manhattan 
produces and attracts 182,354 truck trips every day. If 
the trafﬁ  c generated at external zones is considered, the 
total sums up to 218,480 truck trips per day.
3.2.  Methodology
The starting point for this research is the multi-
commodity ODS formulation developed by Holguin-
Veras and Patil [5]. For this reason this section provides 
a succinct description of the methodology.
The model proposed assumes that: (1) estimates of the 
freight trip productions and freight trip attractions for 
each of the origin and destination zones are available; 
(2) the formulation implemented considers trucks 
transporting a generic commodity; (3) the underlying 
demand process that determines the freight-related trafﬁ  c 
ﬂ  ows could be approximated by a doubly constrained 
gravity model; and, (4) the ﬂ  ow of empty trips is already 
considered in the freight generation estimation step. In 
all cases, the (unknown) parameters of the models are 
determined during the estimation process.
Deﬁ  ne:
 
= Total number of trips from i to j
Assuming that   follows a doubly constrained gravity 
model, as in equation (1):
     ( 1 )
Where:  
= Production at origin i
j D = Consumption at destination j
j i B A , = Balancing factors to ensure satisfaction of 
origin and attraction constraints
ij c
ij e f

 = Impedance function (negative exponential 
deterrence function)
 ij c Travel cost between i and j
   Impedance parameter
Table 4.   FTG by Industry Segment in Manhattan
The im            petus for using a gravity model is a pragmatic 
one because it provides a relatively easy and to a certain 
extent ﬂ  exible, way to estimate OD matrices accounting 
for spatial interactions [5]. Holguín-Veras and Patil 
[5] implemented the model described in Equation (1) 
to a case study for which the actual commodity OD 
matrix, the loaded trips OD matrix, the empty trips OD 
matrix and trafﬁ  c counts were known. They found that 
the model produced reasonable estimates of the true 
parameters of the underlying models. This research 
proposes a trip-based formulation, in which freight 
trip generation (FTG) considers the total ﬂ  ow between 
an origin i and a destination j as the summation of the 
corresponding loaded trips and the empty trips. 
As in most previous freight ODS formulations, trafﬁ  c 
counts are used to obtain estimates of the freight OD 
matrices. In this context, the problem reduces to the 
estimation of the parameters of the demand model so 
that the resulting trafﬁ  c ﬂ  ows resemble the observed 
trafﬁ  c in the network. In terms of the trafﬁ  c assignment Holguín-Veras et al 206
model needed in the ODS procedure, the authors decided 
to use techniques that are based on route choice that do 
not change with trafﬁ  c ﬂ  ows (proportional route choice). 
Table 5. B  ridges/Tunnels Connecting Manhattan to External Zones
In  terms                 of  the  gravity  and  the  empty  trip  models,  the 
estimated trafﬁ  c on link l can be observed in equation 
(2):
 
ij
l
ij ij
e
l p z V      ( 2 )
 Denoting:
l
ij p = Fraction of trafﬁ  c traveling from i to j using link l
e
l V =  stimated truck-trafﬁ  c on link l
The value of fraction 
l
ij p  can be estimated using any 
route choice model including all or nothing assignment, 
which is used in this study. Distance in miles is used 
to represent travel cost  ij c . 
The objective function used to compute the optimal 
parameters considers the summation of the squared 
differences in the observed and estimated total (loaded 
plus empty) truck-trafﬁ  c in the links, as shown in 
equation (3). 
    
l
e
l
o
l V V V F p
2
  , min arg â
  
(3)
Where: 
o
l V = observed total trafﬁ  c volume on link l
e
l V = estimated total trafﬁ  c volume on link l
The objective is to minimize the total trafﬁ  c error, i.e., 
equation (3). The parameter β is estimated iteratively 
using a golden search procedure. The procedure is 
systematically repeated until convergence is reached. 
The performance of the model was assessed in terms 
of its ability to replicate the observed trafﬁ  c counts.Dyna 182, 2013 207
Table 6: Fr    eight Trip Generation by Zones in New York City 3.3.  Results
As mentioned in the methodology, the parameter β 
is estimated iteratively using a golden section search 
procedure. For doing this, a computer program was 
written to perform the calculations. The inputs for 
the code are the total freight trip productions and 
freight trip attractions of the TAZs, the impedance 
between zones (given as a distance) and the list of the 
links including the connecting nodes, centroids of the 
TAZs, direction of the links and trafﬁ  c counts. The 
optimization routine only considered internal zones. 
For external zones, the FTG inferred from the bridges’ 
trafﬁ  c volumes was assigned onto the network using 
a stochastic trafﬁ  c assignment. These truck volumes 
generated by external zones were subtracted from the 
observed truck volumes and the result was used as 
input for the ODS model. The optimization procedure 
was systematically repeated until convergence was 
reached. The process included the optimization of 
the impedance parameter of the gravity model β, the 
proportion of empty trips p, and the Sum of Square 
Errors (SSE) between the observed and estimated total 
trafﬁ  c volume in the links.  
After running the code several times (about 100 
iterations), it was found that β = 1.82.The parameter β 
is closely related to the average distance travelled. The 
greater the β, the less is the average distance travelled. 
In the Manhattan case, the average distance between 
zones is short (about 4 miles); therefore a large value 
for β was expected. 
The plot of the parameter optimization is shown 
in Figure 3. The SSE is plotted as a function of the 
proportion of empty trips and the parameter β of the 
impedance function of the gravity model. It can be 
observed that for a value of β = 1.82, p = 0 and the 
SSE value is minimal. The link ﬂ  ows estimated by 
the ODS procedure were compared to the observed 
ﬂ  ows on the network. For most of the links the ﬂ  ow 
is overestimated.
The authors did not considered a statistical test analysis 
(such as chi-squared test) to compare observed and 
estimated link ﬂ  ows because it would be biased due 
to relatively few trafﬁ  c counts spread throughout all 
the trafﬁ  c network and the proportional assignment 
implemented. The total volume estimated for these Holguín-Veras et al 208
links is 350,006 trucks while the observed volume 
is 100,179 trucks. In terms of accuracy, the SSE is 
1.865E+9, that is the minimum of the function obtained 
using the golden search procedure.
 
Figure 3. Plot of S  um of Squared Errors
It was found that for only 15% of the links the difference 
between the estimated ﬂ  ow and the observed ﬂ  ow is 
less than 50%. For another 22% of the links, the ﬂ  ows 
estimation error is between 50 and 100%. Another 
interesting ﬁ  nding is that 23% of the links studied had 
no trafﬁ  c assigned, and about 40% of the links have 
an estimation error of more than 100%. These large 
errors reveal some limitations for implementing ODS. 
The main source of errors is the limited availability 
of trafﬁ  c counts that were only available for midtown 
Manhattan. Hence, an opportunity for further research 
is to implement the model using new trafﬁ  c counts 
spread over the network. Additionally, the authors 
consider that the implementation of a multi-path 
algorithm could signiﬁ  cantly improve the ODS model 
performance. 
4.  CONCLUSIONS
The proposed ODS procedure permits the estimation 
of freight OD matrices using secondary sources in a 
region. The framework developed here will enable 
transportation management agencies to estimate freight 
OD matrices from trafﬁ  c counts at a much reduced cost 
and with relative good accuracy. The framework will 
also make it possible to seamlessly integrate freight 
planning into agencies’ transportation system planning. 
The theoretical approach works properly. However, 
when applying the model to a study case, it is necessary 
to consider the following lessons learned to obtain more 
accurate ODS results: 1. Having more trafﬁ  c counts 
spread over the study area may improve the quality of 
the ﬂ  ow estimates; 2. The use of a commodity based 
approach instead of a trip based approach may improve 
results (the gravity model does not reﬂ  ect the reality of 
the trips); 3. It is important to reduce the error in the 
trafﬁ  c counts expansion (i.e., computation of growth 
factors) and through trips; and 4. The implementation 
of a multi-path algorithm to assign trafﬁ  c and more 
trafﬁ  c counts could signiﬁ  cantly improve the ODS 
model’s performance.
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